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Humans are difficult targets to detect because they have
small radar cross sections (RCS) and move at low velocities.
Consequently, they are masked by Doppler spread ground clutter
generated by the radar bearing platform motion. Furthermore,
conventional radar-based human detection systems employ
some type of linear-phase matched filtering, whereas most
human targets generate a highly nonlinear phase history.
This work proposes an enhanced, optimized, nonlinear phase
(EnONLP) matched filter that exploits knowledge of human gait
to improve the radar detection performance of human targets. A
parametric model of the expected human response is derived for
multi-channel radar systems and used to generate a dictionary
of human returns for a range of possible parameter variations.
The best linear combination of projections in this dictionary is
computed via orthogonal matching pursuit (OMP) to detect and
extract features for multiple targets. Performance of the proposed
EnONLP method is compared with that of traditional space-time
adaptive processing (STAP) and a previously derived parameter
estimation-based ONLP detector. Results show that EnONLP
exhibits a detection probability of about 0.8 for a clutter-to-noise
(CNR) ratio of 20 dB and input signal-to-noise ratio (SNR) of
0 dB, while ONLP yields a 0.3 and STAP yields a 0.18 probability
of detection for the same false alarm rate.
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The radar detection of human targets is comprised
of two fundamental stages: detecting the presence
of a possible target and, identifying that target as
being human. However, human targets are not easily
detectable due to their small radar cross section (RCS)
and low velocities; the human signature typically
competes against strong ground clutter returns.
A variety of approaches have been proposed in
attempting to alleviate these problems. Friedlander
and Porat [1] designed a velocity synthetic aperture
radar (VSAR) system that applies a discrete Fourier
transform (DFT) across the receiver elements to
extract the velocity information of each pixel in the
SAR image, thereby discriminating slow-moving
targets with a velocity of at least 0.5 m/s from
ground clutter. Linnehan [2] proposed a dynamic
logic algorithm to image targets below the minimum
detectable velocity (MDV). Other proposed techniques
include using bistatic ground moving target indication
(GMTI) to lower the MDV [3], exploiting longer
coherent processing intervals (CPIs) to improve the
detection of slow-moving targets [4], and applying
space-time adaptive processing (STAP) techniques
to suppress the clutter and improve detection
performance [5—9].
Nonlinear phase variation over the temporal
aperture is another fundamental challenge of human
detection. Traditional linear-phase matched filtering,
as used in Doppler processing, maximizes output
signal-to-noise ratio (SNR) when the inputs likewise
exhibit constant amplitude and linear phase variation
over the temporal aperture. As previously shown in
[10]—[12], human targets exhibit highly nonlinear
phase history resulting from their highly complex
and unique [13] kinematics as the temporal aperture
increases. The unique dismount signature is described
in detail in [14]—[19].
There has been much work on the analysis of
human kinematics [20—23] with the most useful
mathematical model being that developed by
Thalmann [24] to describe the kinematics of human
walking. The Thalmann walking model has been
shown to be sufficient for modeling the human
radar response by van Dorp, who successfully used
Thalmann’s model to derive simulated gait signatures
that matched those generated from measured data
[25] and to extract estimates of model parameters for
programming an animation of a human walking [26].
Bilik [27] has also used the Thalmann walking model
as part of a human classification algorithm.
In previous work [12], a model-based approach
was successfully used to improve the detection
rates of human targets for single-channel radar
systems in complex Gaussian noise. An optimized,
nonlinear phase (ONLP) detector was derived from
a sinusoidal approximation of phase contribution of
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the torso–the most dominant feature revealed in the
human spectrogram. The five unknown parameters in
the ONLP model were estimated from the measured
phase history, then used to specify the ONLP matched
filter. The ONLP detector was shown to yield an
11 dB improvement in output SNR over conventional
linear phase detectors for a dwell time of 0.5 s and a
probability of false alarm (PFA) of 10¡6 . However,
computation of the maximum likelihood estimates
(MLEs) required by the ONLP algorithm reduces to
the solution of a system of four nonlinear equations,
a problem that can only be solved via a numerical
search for the optimal solution.
An alternative detector design may be obtained by
directly searching over the set of expected responses,
rather than over the parameter space. Thus, the
enhanced ONLP (EnONLP) algorithm proposed
in this work instead computes the expected human
response for each combination of parameter values
used in the EnONLP approximation of the complete
human model. Each realization is stored in a database,
or dictionary, and sparse approximation methods,
such as orthogonal matching pursuit (OMP), are
exploited to compute the optimal linear combination
of dictionary entries that best represents the received
radar data. This framework enables the estimation
of more model parameters, yielding additional
information about the target unobtainable with ONLP.
As humans are weak targets and clutter is
often a key performance limiter in practical radar
systems, a main goal of this work is to assess
and quantify performance of both the parameter
estimation-based ONLP and dictionary search-based
EnONLP algorithms for multi-channel radar in the
presence of clutter. Thus, in Section II, the clutter
model employed in this work is discussed in detail,
along with the model for the expected human return
using Thalmann’s walking model. In Section III the
previously proposed single-channel ONLP algorithm
is extended to multi-channel systems and the affect
of clutter on detector performance assessed. The
proposed EnONLP detector is derived in Section IV,
and performance relative to conventional STAP and
ONLP assessed in Section V. Examples of applying
the EnONLP framework to target characterization and
classification are also given.
II. SIGNAL MODELING AND PROCESSING
Consider a multi-channel radar in which an
antenna with N channels transmits a series of M
pulses at constant intervals in time and space while
moving along a path. In general, the signal received is
comprised of energy reflected by not just the desired
target, but by unwanted returns from other objects,
the environment (clutter), and noise. Thus, the total
space-time snapshot of the array at the target range
gate is
Â = Ât + Âc + Ân , 2 C NM£1
(1)

where Ât is the target space-time snapshot, Âc is
the clutter space-time snapshot, and Ân is the noise
space-time snapshot. The noise is modeled as being
complex white Gaussian with variance ¾n2 . The human
target and clutter return models are more complex.
A. Signal Received from Target
The received radar signal at the nth channel is
a time-delayed, frequency-shifted version of the
transmitted chirp signal:
sr,n (m, t)
= at rect

μ

t̂ ¡ td,n
¿

¶

£

exp j[¡2¼fc td,n + ¼°(t̂ ¡ td,n )2 ]

¤

(2)
where t̂ is the time relative to the start of each pulse
repetition interval (PRI) T; the time index t indicates
the total elapsed time over multiple PRIs and is
defined as t = T(m ¡ 1) + t̂ in terms of the PRI, the
pulse number m, and t̂; at is the signal amplitude; ¿ is
the pulsewidth; c is the speed of light; ° is the chirp
slope; fc is the transmitted center frequency; and td,n
is the round trip time delay between the nth transmit
phase center and target, defined in terms of the target
range, Rn , as td,n = 2Rn =c. The rect function is defined
as rect(u) = 0 for juj < 0 and rect(u) = 1 for juj > 0.
Without loss of generality, consider a uniform
linear array. Assuming the angle to the target is fixed
over the dwell, the time delay in the radar return
between adjacent elements of the array is
¢t =

d sin(μ)
c

(3)

where μ is the incidence angle relative to the array
normal, and d is the distance between array elements.
Thus, the radar return of a point target at the nth
channel simplifies to
£
¤
(4)
sr,n (m, t) = sr (m, t) exp ¡j2¼fc nd sin(μ)=c
for n = 0 : N ¡ 1, where sr (m, t) is the signal received
at the array reference point.
Since the total human response has been shown to
be obtainable by summing the responses from each
body part [18, 25], i.e., the principle of superposition
is valid, the human body is subdivided here into K
body parts, each of which is modeled as a point target
located at its centroid. Thus, the total return at the nth
channel from a human target may be expressed as
Ã
!
K
X
t̂ ¡ t̃d,i
sh (n, m, t) =
at,i rect
¿
i=1
i
h
¢ exp j[¡2¼fc t̃d,i + ¼°(t̂ ¡ t̃d,i )2 ]
£
¤
¢ exp ¡j2¼fc nd sin(μ)=c
(5)
where at,i and t̃d,i = td,n(i,m) are the amplitude and time
delay of the return for each body part, separated in
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range, for the nth channel and mth pulse. This model
is described further in [12].
Dropping the rect() notation, the output of pulse
compression at the nth channel is
xh (n, m) =

K
X
i=1

£
¤
at,i ¿ exp ¡j(4¼fc =c)Ri (m)

¤
£
¢ exp ¡j2¼fc nd sin(μ)=c
£
¤
= x̃(m) exp ¡j2¼fc nd sin(μ)=c
(6)
£
¤
P
where x̃(m) ´ K
i=1 at,i ¿ exp ¡j(4¼fc =c)Ri (m) , and
Ri (m) is the one-way range from the radar to the
center of each body part, dependent upon the pulse
number m due to the platform motion.
Thus, the target contribution to the array’s
space-time snapshot may be expressed as
Ât = [x̃ ± bt ($t )] − as (Àt )

Since this work is not specific to any particular
geography or environment, a generic physical clutter
model that computes the sum of all the clutter returns
from a ring of scatterers located at a fixed range Rc
about the radar is employed. We adopt the model
given in [6]—[8]. The return from a clutter scatterer
has the same form as the target echo, namely, it is
a time-delayed and frequency-shifted version of the
transmitted signal. However, the received amplitude
will be affected by the clutter RCS and the Doppler
will depend only on its location and velocity relative
to the radar platform, since the ground inherently has
zero velocity.
The spatial frequency of the ikth clutter patch is a
function of its azimuth angle Ák and elevation angle μi
(not to be confused with μ, the incidence angle of the
waveform impinging on the array) as follows.
Àik =

(7)

where the target’s spatial steering vector as =
[1 e¡2¼Àt ¢ ¢ ¢ e¡2¼(N¡1)Àt ], the target’s temporal steering
vector bt = [1 e¡2¼$t ¢ ¢ ¢ e¡2¼(M¡1)$t ], the spatial
frequency Àt is fc nd sin(μ)=c, $t is the target Doppler
shift normalized by the pulse repetition frequency
(PRF), ± represents the Hadamard product, −
represents the Kronecker product [6—8], and x̃ =
[x̃(m)]M
m=1 .
A human is a complicated target because of the
intricate motion of body parts moving along different
trajectories at different speeds. As described in [12],
the human response is computed as the sum of the
responses from the head, upper arms, lower arms,
torso, thighs, lower legs, and feet (i.e., K = 12). Each
body part is modeled as a point target located at its
centroid. Thalmann’s walking model [24] provides
mathematical equations and charts for computing
the time-varying angles of the joints, which when
combined with the dimensions of the human body,
can be used to compute the time-varying position of
each body part. From these positions, each of the time
delays td,n (i, m) required in (5) may be found. It is
important to note that the Thalmann model depends
on just two parameters: the velocity v and the height
of thigh HT, a measure of the human’s size and thus
stride length.

fD,ik =

2k('k , μi ) ¢ va
¸

(9)

where va is the velocity vector of the radar platform.
If we assume a side-mounted array with no crab, then
the velocity vector will be aligned with the array axis
and may be expressed as va = va x. Then, the Doppler
frequency becomes
fD,ik =

2va
cos μi sin 'k
¸

(10)

and the normalized Doppler frequency may be
expressed in terms of the spatial frequency as
$ik = fD,ik PRI =

2va PRI
Àik :
d

(11)

Thus, the clutter falls along a ridge of slope 2va PRI=d
in angle-Doppler space, and the clutter component of
the space-time snapshot may be expressed as
Âc =

Clutter is defined as any unwanted radar signal.
When searching for human targets, the return from
any buildings, rocks, grass, asphalt, trees, animals,
or vehicles–in short, any object other than a
human–combines to form the clutter return. Thus, the
nature of clutter varies depending on the application,
specifications of the radar, the presence or absence
of foliage, geography, and whether the scene is open
terrain or a city environment.

(8)

where d is the distance vector representing the
positions of the array elements, pointing from the
first to last array element (i.e., perpendicular to the
array normal); d is the array element spacing; ¸ is the
wavelength; and k is the wavenumber vector.
Similarly, the Doppler frequency of the return
from this patch is defined by
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k('k , μi ) ¢ d d
= cos μi sin 'k
¸
¸

Nc
Nr X
X

®ik v(Àik , $ik )

(12)

i=1 k=1

where v is the space-time steering vector [6—8] and
®ik is a circular Gaussian random variable, whose
variance is proportional to the square root of the
clutter RCS.
C.

Clutter Cancellation

In this work, fully adaptive STAP is used to
mitigate the effects of clutter and maximize the output
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signal-to-interference-plus-noise ratio (SINR). The
optimal space-time filter has been shown [28] to be
given by
h = kR¡1
(13)
I v
where k is a constant, RI is the interference-plus-noise
covariance matrix, and v is the space-time steering
vector, defined as v ´ as (À) − bt ($). So, the processor
output is
z = hH Â:
(14)
c
Fig. 1. Antenna-target geometry [12] (°IEEE).

III. PARAMETER ESTIMATION-BASED ONLP
In this section, we briefly review the ONLP
detector presented in [12], as it lays the ground for the
development for the EnONLP detector proposed, and
extend results to include performance in clutter. For
each range bin of interest, the ONLP detector must
make a decision between two hypotheses:
H0 :

Â = Âc + Ân

H1 :

Â = Ât + Âc + Ân

(15)

where Âc + Ân is complex Gaussian interference with
covariance matrix RI , and Ât is the target signal as
modeled in (7). We assume the entire target return is
contained within one range bin. A detector that has
been shown to be robust in clutter is the adaptive
matched filter (AMF) test [29], which makes a
positive decision if
¡1 2
jÂ̂H
onlp R̂I Âj

¡1
Â̂H
onlp R̂I Â̂onlp

> ¡ log(PFA )

(16)

where PFA is the probability of false alarm, and Â̂onlp
is the estimate for the expected human return used
by the ONLP algorithm. Since the time-varying
range of each body part in (7) is not computed
from closed-form equations, but rather from
graphs in Thalmann’s paper, a simpler, parametric
approximation is used for detection.

For simplicity, assume that the human motion is
linear along a constant angle Á relative to r1 . Then the
vector h between the initial and final target locations
represents the human motion. Applying the law of
cosines, we may write
(17)
jrm j2 = jr1 j2 + jhj2 ¡ 2jr1 j jhj cos ':
p
Since jhj ¿ jr1 j and 1 + x ¼ 1 + x=2 for small x,
jrm j ¼ jr1 j ¡ jhj cos ':
Denoting r = jr1 j and h = jhj, (7) may be
approximated as
(19)
Â̂t = [x̂ ± bt ($t )] − as (Àt )
£
¤
P
2
where x̂ = K
i=1 (A=rb ) exp ¡j(4¼fc =c)(ri ¡ hi cos 'i ) .
Note that x̃ in (6) reduces to x̂ when the amplitude
factor is assumed constant (at ¿ ¼ A=rb2 ), and the range
factor in the phase is approximated according to (18).
Since the dominant component of the human
response is the torso return, (19) can be further
simplified by neglecting all other body parts and
approximating the Thalmann equations for the torso
kinematics with a sinusoid [12]. This simplification
leads to the following nonlinear approximation to the
true target phase at each channel:
xonlp [m] =

£
¤
A
exp j(C0 m + C1 + C2 cos(C3 m + C4 ))
2
rb
(20)

A. Approximating Expected Target Return
Since the effect of amplitude mismatch on detector
performance is minimal [12], we first approximate
the amplitude of the received signal at in (6) as being
constant, and the range term in the amplitude as rb ,
the center of the range bin yielding the peak pulse
compression output. Phase, however, is much more
sensitive to modeling error, thus, a more accurate
approximation for the time-varying range of each
body part is derived as follows.
Let r1 be the vector from the antenna to the
target’s initial location and rm be the vector from the
antenna to the target’s position at the mth pulse, as
indicated in Fig. 1.

(18)

where m is the slow-time index, rb is the center of
the range bin in which the target is located; and p =
[A C0 C1 C2 C3 C4 ] are parameters to be estimated
from the measured data. An ONLP approximation of
the space-time snapshot for a human target may be
expressed as
Â̂onlp = [x̂onlp ;

x̂onlp ej Ĉ5 ; ¢ ¢ ¢ x̂onlp ej(N¡1)Ĉ5 ]

(21)

where MLEs of the unknown parameters p are
substituted into (20) above, yielding x̂onlp = xonlp jp=p̂
and x̂onlp = [x̂onlp (0) ¢ ¢ ¢ x̂onlp (M ¡ 1)]T . The spatial
frequency Ĉ5 is the MLE of the unknown variable
proportional to the incidence angle to the array.

GÜRBÜZ, ET AL.: KINEMATIC MODEL-BASED HUMAN DETECTORS FOR MULTI-CHANNEL RADAR

1309

direction. Thus, they cannot be used in post-detection
processing, such as target characterization or feature
extraction. Additionally, there is no limit on the
potential values the parameters may assume. Since the
MLE estimates cannot be computed from closed-form
equations, but instead involve searching over values
that maximize a nonlinear equation, the open-ended
nature of the search interval greatly complicates and
increases the computational complexity of finding
MLE estimates.
IV. ENHANCED ONLP

Fig. 2. Performance of ONLP detector in CWGN, in clutter with
a clutter-to-noise (CNR) of 20 dB, and after clutter
cancellation (CC).

B. Effect of Clutter on Detector Performance
Since humans are weak, slow-moving targets,
clutter interference mitigation is especially important.
Furthermore, clutter makes obtaining reliable
parameter estimates difficult because the clutter return
is similar in form to that of the desired target return.
Clutter cancellation algorithms can be applied to
remove much of the clutter component of the signal.
Fig. 2 compares the ONLP detector performance for
three scenarios: in complex white Gaussian noise
(CWGN), in clutter, and after clutter cancellation with
the optimal STAP filter in (14). As expected, clutter
degrades detection performance. However, the clutter
canceller is unable to remove all the clutter, preventing
achievement of the same performance as in Gaussian
noise alone.
Moreover, the implementation of clutter
cancellation also corrupts the model used to
approximate the true data. Consider the expression
¡1
Â̂H
onlp R̂I Â in the numerator of the test statistic
in (16). This expression can be factored into two
¡1=2
terms, R̂I Â, representing the whitened data, and
¡1=2
Â̂H
, which is a transformed version of the
onlp R̂I
parametric model. Notice that analytical expressions
for the MLE were computed for estimating parameters
in the original model Â̂onlp , not the transformed
model. Thus, while clutter cancellation is successful
in removing much of the clutter, its warping of the
parametric model degrades the parameter estimates
obtained and, hence, the detector performance. As
seen in the next section, the EnONLP algorithm
remedies this problem.
While effective, the ONLP algorithm has a few
other limitations. First, the algorithm only matches
against the torso response, not the entire human
response as modeled by Thalmann. Moreover, the
parameters C0 —C5 do not directly relate to any
physical features, such as human size, speed, or
1310

The proposed EnONLP method overcomes the
difficulty in obtaining good parameter estimates in
clutter by implementing a filter bank of the expected
target response for each possible value of any
unknown parameters. Rather than matched filtering
based on just the torso response, as in ONLP, the
EnONLP detector compares the data snapshot to each
entry of a dictionary of realizations of the expected
target response that approximates the total response
from all body parts. A basis pursuit algorithm is used
to search a dictionary of expected target returns for
linear combinations of target responses that best match
the measured data. The EnONLP algorithm also has
the capability of detecting the presence of multiple
human targets.
A. Formulation
The EONLP detector utilizes (19) for an
approximation for the true human response, where
hi is computed for each body part from the Thalmann
model,
(22)
Â̂EnONLP = x̂ ± bt ($t ) − at (Àt )
where
x̂(m) =

K
X
£
¤
(A=rb2 ) exp ¡j(4¼fc =c)(ri ¡ hi,m cos 'i ) :
i=1

Thus, the EnONLP approximation contains five
unknown parameters: target velocity (v) and height
of thigh (HT) from the Thalmann walking model,
motion vector angle (Á), incidence angle (μ), and
target range (r). Unlike the parameters Ĉ0 —Ĉ5 in the
ONLP model, the EnONLP parameters have specific
ranges over which they are defined. The Thalmann
model is defined for values of v=HT between 0 and
2.3. Angles can only be between 0 and 360 deg.
And the target range must lie within the range bin
being tested. Thus, the range of possible parameter
values is directly discretized into pi samples for the ith
parameter.
Define » = [»1 ¢ ¢ ¢ »i ¢ ¢ ¢ »P ] as a vector of unknown
parameters »i , where P is the total number of
unknowns; in this case, P = 5 and » = [v HT ' μ r].
Thus, the total number ofQ
potential realizations of
Â̂EnONLP is given by Q = Pi=1 pi , where each possible
combination of parameter values is denoted by »j , for
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j = 1 : : : Q. For each »j , the corresponding target return
model is computed and stored as a dictionary entry
(D) of size MN £ Q (the length of each snapshot by
number of potential realizations)
D = [Â̂EnONLP (»1 ) ¢ ¢ ¢ Â̂EnONLP (»j ) ¢ ¢ ¢ Â̂EnONLP (»Q )]:
(23)
The realization that best matches the data is given
by the entry corresponding to the peak output when
multiplied by R¡1
I Â. Mathematically,
Â̂optimal ! maxfD H R¡1
I Âg:

(24)

Because EnONLP computes the optimal solution
by finding the best match among a set, rather than
estimation, there is no model warping and clutter
cancellation does not lead to the same performance
degradation seen with ONLP. Effectively, the
dictionary functions as a filter bank, in which the peak
output is used to form the test statistic required for
detection. Applying the AMF, a positive decision is
made if
¡1 2
jÂ̂H
optimal R̂I Âj

¡1
Â̂H
optimal R̂I Â̂optimal

> ¡ log(PFA )

(25)

B. Multiple Target Detection
The formulation described above is suitable to test
for the presence of at least one human target within
a range gate of interest. However, multiple targets
can be detected within the EnONLP framework by
applying sparse approximation techniques, such as
basis pursuit [30] or matching pursuit [31, 32]. Sparse
approximation refers to the task of representing a
signal as the linear combination of a small number
of the signals comprising the entire set of possible
signals. In other words, a coefficient vector C is
sought such that
J
X
j=1

Cj ¢ Â̂EnONLP (»´ )

2

where k ¢ k2 denotes the Euclidean norm.
6) Update the residual by subtracting out the
components already found:
rt ) R¡1
I Â¡

(26)

where ´ is an index to the dictionary, and the number
of realizations (J) comprising the true target signal
s is much less than the total number of dictionary
entries, i.e., J ¿ Q.
In this work OMP [33] is used to iteratively
compute the best approximation. The procedure may
be summarized as follows.
1) Initialize an index set ´ = 0, the residual r0 =
R¡1
I Â, and the loop index t = 1.
2) Determine an index ´t for which the projection
of a dictionary entry onto rt¡1 is maximized.

t
X

C(´j )Â̂EnONLP (´j ):

(28)

j=1

7) Increment the loop counter: t ) t + 1.
8) Iterate by returning to Step 2.
In addition to the capability of detecting multiple
targets, the EnONLP algorithm described above also
gives as an output the parameter vector » for each
detected target, which can potentially be used to
further characterize or classify targets.
C.

where R̂I is the interference-plus-noise covariance
matrix.

ŝ =

3) Then test for the presence of a target
using (25).
4) If a target is present, update the index set:
´t ) ´t¡1 [ f´t g. Otherwise, stop.
5) Find a coefficient vector C that solves the least
squares problem
°
°
°
°
t
X
°
° ¡1
°
C(´j )Â̂EnONLP (´j )°
(27)
min °RI Â ¡
°
°
°
j=1

Refining the Search Space using Dominant
Parameters

Dictionary size is a key issue as it determines both
the required memory and computational complexity
of operations on the dictionary. Finer discretization
leads to more accurate matching between dictionary
entries and target characteristics, and, hence, detection
performance improves. Unfortunately, increasing the
discretization also increases dictionary size.
Identifying dominant parameters–in other words,
those parameters most critical to maximizing the
detector test statistic and ensuring detection–can
help reduce dictionary size, while having a minimal
impact on detection performance. Once a target is
detected, an additional search over these dominant
parameters may be performed for the purposes of
target classification or characterization. In this work,
however, since we are primarily concerned with
detection, dominant parameters are used to reduce the
computational and memory requirements.
Among the five EnONLP parameters previously
mentioned, two may be excluded from the dictionary:
range (r) and height of thigh (HT). The range appears
in (22) as a constant phase shift in the expected
target response. We can avoid searching over phase
by slightly modifying the operation in (25) and in
Step 2 of the OMP algorithm. Rather than compute
the projection through multiplication, a convolution
operation is performed on each dictionary entry as
follows:
Dconv (j) = Â̂EnONLP (»j ) ¤ R̂¡1
I Â:
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TABLE I
Parameters

Value

Parameters

Value

Pulses #
Center Freq.
Samp Freq.
Bandwidth

500
1 GHz
20 MHz
10 MHz

PRI
Pulsewidth
Trans. Power
Nom. Range

0.2 ms
40 ¹s
1.8 kW
8,760 m

Since the convolution employs essentially
phase-shifted copies of the product, the maximum of
this new matrix yields not only the optimal parameter
vector », but also the optimal phase shift (i.e., range).
Thus, there is no need to store any phase information
in memory.
Furthermore, simulations have shown that for
sufficiently short dwells, variations in the parameter
HT cause only slight variations in the projection of
the dictionary entry on the signal, leading to minimal
impact on detection performance. Thus, for the
examples in this work, dictionary entries are generated
based on the average value of HT for a human male,
with each realization generated from all possible
combinations of the values of the parameters velocity
(v), azimuth (Á), and human direction of motion (μ).

Fig. 3. PD versus PFA for human target with input SNR = 0 dB
and CNR = 20 dB.

V. PERFORMANCE
Detector performance is evaluated by comparing
the receiver operating characteristics (ROC) for the
proposed EnONLP detector with that of the ONLP
and fully adaptive, optimum STAP using simulated
radar data, generated as detailed in Section II. The
results presented are generated for a five-channel radar
with characteristics as shown in Table I, chosen as
being typical of a representative radar system.
The dictionary used by the EnONLP algorithm
is generated by discretizing the unknown parameter
ranges as follows: based on the limits of the Thalmann
model, velocities between 1.5 m/s and 2.7 m/s are
sampled at 0.1 m/s increments; and, the angles μ
and Á are sampled at 5± increments. The dictionary
is comprised of all possible combinations of the
parameters v and μ, yielding a total of 936 entries.
Note that this dictionary stores the possible responses
for each velocity and walking direction for one
channel only. The model data for all channels for each
discretized azimuth angle Á can be obtained by simply
applying an appropriate phase shift to each dictionary
element. In this way, the overall dictionary size is
minimized and an increase in computational load is
traded off for savings in memory.
A. Receiver Operating Characteristics
ROC curves are computing using Monte Carlo
simulations in which the detection rate over a finite
number of iterations is computed for each value of PFA
and clutter-to-noise ratio (CNR) shown in Fig. 3 and
Fig. 4. Simulations testing the most suitable number
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Fig. 4. PD versus CNR for human target with input SNR = 0 dB
and PFA = 10¡6 .

of iterations were performed; however, results showed
that more than 20 iterations did not yield a significant
difference in PD value for the increase in computation
time.
In Fig. 3 and Fig. 4, the detection performance
of the EnONLP and ONLP detectors described in
Sections III and IV, respectively, is compared with that
of a linear-phase, fast Fourier transform (FFT)-based
detector. In all cases, the optimal STAP filter in (14)
is applied to mitigate the effect of clutter. The ROC
curves are computed for the scenario in which an
average-sized male walks at a 45± angle relative to
the x-axis with a speed of 2 m/s.
Both human model based detectors, ONLP and
EnONLP, have better performance in comparison
to conventional linear-phase processing. However,
the proposed EnONLP detector exhibits the best
performance with a PD of 0.77 at a PFA at 10¡6 ,
increasing as the PFA increases, with the other methods
matching performance only when the PFA has risen
to 0.01. As the CNR increases to beyond 15 dB, the
other methods exhibit a sharp drop in detection rate,
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Fig. 5. First iteration of OMP showing maximum projection over
velocity and walking direction versus azimuth angle.

Fig. 6. Second iteration of OMP showing maximum projection
over velocity and walking direction versus azimuth angle.

TABLE II
True

Azimuth
Direction
Velocity

Detected

Target 1

Target 2

Target 1

Target 2

60±

¡30±

65±

¡30±
35±
2.3 m/s

15±
2 m/s

30±
2.4 m/s

15±
2 m/s

whereas the EnONLP method is able to maintain
a probability of detection about 0.7. As the CNR
decreases, the detector performance approaches
the noise-limited case, which for this example, is a
detection probability of 1.
In this example, the EnONLP algorithm ran
approximately twice as fast as the ONLP algorithm,
but in general the computational savings is dependent
upon the dictionary size (i.e., the fineness of
parameter space discretization) in the EnONLP
algorithm and the fineness of the parameter search
in the ONLP algorithm.
B. Multi-Target Situation
The EnONLP framework has the additional
advantage over ONLP of being able to detect the
number of human targets present in a single range
bin, as well as extract an estimate of the modeled
parameters for each target. Consider a two-target
scenario, with one average sized male (target 1)
and one average sized female (target 2), in clutter
with an SINR of 20 dB. Table II summarizes the
characteristics of the target motion: azimuth angle,
direction, and velocity.
As described in Section IVB, first the maximum
projection of the snapshot onto the dictionary is
computed. Fig. 5 shows the value of the projection
maximized over velocity and walking direction plotted
against azimuth angle. Notice that there are two major
peaks, but the largest peak is extracted first, yielding
an azimuth angle estimate of 65± .

Fig. 7. Detection results for scenario with two targets located at
varying relative azimuth angles.

In the next iteration, the dictionary entry
corresponding to the peak in Fig. 5 is removed from
the signal, and the remaining signal is projected
against the dictionary. Fig. 6 shows the result of
maximizing over azimuth angle. Note that now only
one major peak remains, indicating the azimuth of the
second target (¡30± ).
If we iterate a third time, the remaining peaks are
not strong enough to trigger a detection, indicating
that no other targets are present, thus terminating
the EnONLP algorithm. Table II shows the true and
detected target parameters. These values are initial
estimates, and a finer dictionary should be applied
post-detection if more refined estimates are required.
C.

Impact of Resolution and Dictionary Mismatch

Consider the two-target scenario illustrated in
Fig. 7. The detection algorithm is applied on two
targets located at varying relative angles. The first
target is tested at locations sampled along zero degree
azimuth, while the second target is tested at locations
with azimuth angles varying from ¡90± to 90± . Notice
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TABLE III

TABLE IV

True

Azimuth
Direction
Velocity

Detected

Target 1

Target 2

Target 1

Target 2

42±
76±
1.87 m/s

¡53±
18±
2.24 m/s

40±
70±
1.9 m/s

¡55±
15±
2.05 m/s

that when the two targets are greater than 15± apart
in azimuth angle, the algorithm successfully detects
both targets. However, when the azimuth angle is
less than 15± , the algorithm is unable to discriminate
between the targets. Thus, while the algorithm
successfully detects that a human target is present,
it erroneously decides that there is only one target.
Azimuth resolution may be improved by increasing
the number of channels comprising the radar antenna.
Mismatch refers to the difference between the
value of the target’s true parameter values and the
value of the discretized parameters that comprise the
dictionary. Unlike resolution, which is dependent upon
the radar hardware itself, mismatch is a much more
readily addressable issue that can be adjusted in the
signal processing software.
Consider the two-target situation summarized in
Table III. The dictionary is generated for azimuth
angles between ¡90± and 90± at 5± increments,
velocities between 1.5 m/s and 2.7 m/s with 0.1 m/s
increments, and direction angles of 0± to 355± at 5±
increments. None of the target parameters coincide
with the dictionary parameter values. In fact, they
lie approximately in between dictionary entries,
representing the maximum possible mismatch.
In this case, despite the mismatch, the EnONLP
algorithm is able to successfully detect the presence of
both targets. The mismatch causes a slight decrease
in the value of the projection, but not enough to
change the outcome of the detection test. If, however,
the parameter space is so crudely sampled so that
mismatch results in entirely inaccurate parameter
estimates, detection performance may be affected.
The parameter space should be sampled such that the
projection of the data to the next closest dictionary
entry is high enough to trigger a positive detection.
However, for most reasonably sampled parameter
spaces, the mismatch is simply reflected as an error
in the parameter estimates generated–an error easily
remedied by applying a more finely discretized
dictionary.
D. Multiple Mixed Target Situation
The dictionary structure of the EnONLP detector
provides a convenient framework for sparse signal
approximation that can be exploited for target
characterization as well. The dictionary is simply
a database of potential target returns, as generated
by varying the parameters in the modeled return.
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True

Azimuth
Direction
Velocity

Azimuth
Rad. Vel.

Detected

T2

T3

T2

T3

60±
15±
2 m/s

¡30±
30±
2.4 m/s

65±
15±
2 m/s

¡30±
35±
2.3 m/s

T1

T1

37±
14 m/s

37±
14 m/s

If models of other types of targets, or even other
types of human activity were to be included in the
dictionary, then those would also be tested as part
of the OMP algorithm to see whether they formed a
component of the best match to the measured data.
Thus, the addition of a dog model to the dictionary
could facilitate discrimination of a target as either
human or dog, and addition of running, jumping, or
crawling models could yield additional information as
to what activity the detected target was engaged in.
As a simpler example, consider a scenario in
which a vehicle (T1), a tall male (T2) with a thigh
height of 1 m, and a small female (T3) with a thigh
height of 0.74 m are all moving within a single range
gate in clutter with an SINR of 20 dB. Table IV
provides additional details of the target motion,
including azimuth angle, direction and velocity.
The vehicle is modeled as a point target (linear
phase history) with a reflection 10 dB stronger than
the male target. Thus, the dictionary is augmented
with entries for point target responses, discretized for
spatial and temporal steering vector angles between
¡180± and +180± at 12± increments, or 30 samples
for each angle, resulting in an additional dictionary
size of MN £ 900 for the point target.
In the first iteration, the algorithm detected
the strongest target, i.e., the vehicle, followed by
the male in the second iteration and the female
in third. Thereafter, no sufficiently strong targets
were detected, and the algorithm stopped. Thus, all
targets were again successfully detected, with the
parameters of the best matching dictionary entry listed
in Table IV.
Elementary classification of the detected targets
can be made based on the type of the dictionary
entries that were chosen to form the optimal sparse
approximation. In other words, since the first detection
was made from the augmented dictionary, it may
be concluded that the target was a point target, i.e.,
a vehicle, with the associated radial velocity and
azimuth angle of the selected entry. The following
two selections were made from the human dictionary,
leading the remaining two targets to be classified
as human. The classification performance of the
EnONLP algorithm may be further quantified by
considering the confusion matrix shown in Table V,
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TABLE V

TABLE VI

Predicted

Actual

SINR

H

V

20 dB

H
V

100
0

0
100

0 dB

H
V

100
0

0
100

¡5 dB

H
V

43
57

0
100

¡10 dB

H
V

3
0

97
100

¡20 dB

H
V

0
100

0
100

which shows the detection results for a human and
vehicle target scenario for varying SNRs. Notice that
for all SINR levels the algorithm correctly classifies
the vehicle, but that as the SINR decreases, the
number of trials in which the human is mistakenly
classified increases.
E. Refining Parameter Estimates with EnONLP
In the previous example, aside from the azimuth
angle, direction, and velocity, we still have no other
information about the detected human, such as size or
gender. However, once a target has been detected, the
dictionary structure of the EnONLP algorithm may be
reapplied to improve the initial estimates found during
the detection stage, or to extract additional information
about detected targets.
Consider a scenario in which a radar transmitting
500 pulses illuminates a human with a thigh height
(HT) of 0.831 m, a velocity of 2 m/s, and an azimuth
angle of 20± walking at a 40± angle relative to the
x-axis in interference with an SINR of 10 dB. The
dictionary is generated for that of an average male
an HT of 0.92 m. Application of EnONLP yields a
detection with approximately correct estimates for
the target parameters: azimuth angle, 20± ; velocity,
2.2 m/s; and direction angle, 35± .
Now, suppose we wish to apply a different
dictionary for the purpose of estimating the detected
target’s size, i.e., HT. The dictionary is augmented
with entries corresponding to values of HT between
0.74 m (i.e., a woman in the 5th %ile) and 1 m
(i.e., a man in the 95th %ile), discretized into 21
possible values at intervals of 1.25 cm. If memory is a
limiting factor, the variation of the other parameters
may be restricted to a small interval around the
initial estimates found during the detection stage.
Furthermore, a longer dwell of 2,000 pulses is used,
so that signal changes due to size become more
apparent.
Applying EnONLP with this modified dictionary
yields new estimates of HT = 0:831 m; velocity,

HT
Azimuth
Direction
Velocity

True

Initial
Estimate

Refined
Estimate

0.831 m
20±
40±
2 m/s

0.92 m
20±
35±
2.2 m/s

0.831 m
20±
35±
2 m/s

2 m/s; azimuth angle, 20± ; and direction angle, 35± ,
which are a closer match to the true target data than
the initial estimates. Note that in this example HT
was found exactly because the correct HT value was
included in the generation of dictionary elements. If
there were mismatch, however, the next best value
would have been returned as the estimate. A summary
of the parameter estimates in this example are shown
in Table VI.
VI. CONCLUSION
The EnONLP method was described as a means
of improving the performance of human detectors
by exploiting the uniqueness of human gait. A
dictionary of expected human target returns is
constructed, functioning similar to a filter bank,
and the best matching return is found via OMP, a
sparse approximation technique that determines the
best linear combination of dictionary entries that
matches the measure radar return. The performance
of a parameter-estimation based ONLP detector
was tested in clutter, and compared with that of the
proposed EnONLP technique. Results show that the
EnONLP yields a significant improvement in detection
performance over both ONLP and conventional
multi-channel STAP processing. For an input SNR of
0 dB, a CNR of 30 dB, and a PFA of 10¡6 , EnONLP
exhibits a PD of 0.8, while the PD for ONLP and
STAP is just 0.3 and 0.18, respectively. Additionally,
the EnONLP detector can estimate the number of
resolvable targets, including nonhuman targets, and
obtain initial estimates of detected target parameters.
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